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ABSTRACT 2. Improved Parameter Tying

We describe several new research directions we investigated towal0st current state-of-the-art speechaguition systems are

the development of our broadcast news transcription system for theased on state-clustered hidden Markov models (HMMs).
1998 DARPA H4 evaluations. Our goal was to develop significantlyHowever, the significant overlap of state clusters in acous-
faster and smaller speech recdfgm systems whout degradingthe  tjc space leads to potential problems. The data in the cluster
word error rate of our 1997 system. We did this through significantove”ap regions is divided between clusters, giving less robust
algorithmic research creating various new techniques. A sample aussian estimates. Gaussians from each state cluster may

these techniques was used to put together our 1998 broadcast neV\E0 overlap with each other, causinguadancy and a waste

system, which is conceptually much simpler, faster, and smaller, bu"flf t Th deli bl b v h
gives the same word error rate as our 1997 system. In particulap parameters. €S€ modeling problems can be easily han-

our 1998 system is based on a simple phonetically tied mixture.dlecj by decreasing the number of clusters and appropriately
(PTM) model with a total of only 13,000 Gaussians, as compared tdncreasing the number of Gaussians per cluster [1]. We also

a 67,000-Gaussian state-clustered system we used in 1997. expect a recognition speed-updause of significant savings
in Gaussian computation due to the smaller variances of the

1] ducti Gaussians [1] when state clusters are merged. In our ap-
- Introduction proach, we used a PTM system with only 40 state clusters,

One of our main goals in 1998 was to significantly increaseand a large number of Gaussians per class.

speed and decrease model size, while maintaining or improv- N
ing accuracy. These goals are difficult to achieve simultan(;t-rable 1 shows that the new PTM approach gave significantly

ously because of inherent trade-offs. Decreasing the numb lower word error rate (WER) than a state-clustered system on

T ;
of system parameters will typically degrade accuracy. Sim(-?WO Wall Street Journal (WSJ) test o ts, anda North Amgrlcan
. . ) 2T Business News (NABN) test set, using a 20,000-word bigram
ilarly increasing the speed by eliminating search passes, :Em uage model (LM). The state-clustered tem had 937
decreasing the pruning beamwidth during the decoding Stag%lugterg while the PTM S st:rr{:1 3523548 eho?\fcllaassei Both
will degrade accuracy. We decided, therefore, that to achievg stems’ had a total of abzut 30.000 Gaugsians '
simultaneous improvements in speed, size, and accuracy, we ' '

would have to significantly alter our approach by focusing

on novel algorithms. We developed and studied several new System Word Error Rate (%)
algorithms for acoustic modeling, adaptation, and lattice gen- WSJ1[ WSJ2| NABN

eration. A sample of these methods was incorporated into our State- 21.65] 14.08 | 18.29

1998 broadcast news system. However, we were unable to clustered

incorporate all the methods we developedéuse of time and PTM 20.49 | 12.58 | 16.78

resource constraints. The resulting system was significantly

simpler and faster than our 1997 system. Table 1: Word error rates for different levels of tying

In this paper, we summarize the various new techniques we

developed, along with experimental results. We then briefly

describe our 1998 broadcast news evaluation system and givﬁfgures 1 and 2 plot the word error rate against the number of

experimental results for 1996 H4 partitioned evaluation (PE)gaussians computed and the recognition time, respectively.

development test data and the 1998 DARPA H4 evaluatiofach point on the curve is for a different value of the pruning

data. Finally, we summarize work we did after the 1998neamwidth in our Viterbi search. At aword error rate of 22%,

evaluation to further improve our system performance. the PTM system computes half the number of Gaussians.
Also, the PTM system achieves this accuracy with a smaller

*This work was sponsored by DARPA through the Naval Command and®"Uning beamwidth,thus resulting in significantly fewer active
Control Ocean Suniltance Centeunder contract N66001-94-C-6048. hypotheses in the search. The resulting speed-up forthe PTM




system is a factor of 5. Table 2 shows the word error rate on the 1996 H4 PE develop-
ment test set and the number of Gaussians for three different
T T female models trained on the first 100 hours of H4 training
] data. These recognition runs used a 48,000-word bigram LM.
1997-eval is a state-clustered model we used for the 1997
DARPA H4 evaluations. PTM1788 is a PTM model with
1788 Gaussians per phone class, and Clustdpad! is a
model created by applying the per-phone Gaussian clustering
algorithm to PTM-1788. From the table, we see that the
PTM and state-clustered systems gave the same word error
rate. A factor of 5 reduction in the number of Gaussians was
achieved using the per-phone Gaussian clustered PTM model,
with no difference in the word error rate. The drastic reduc-
tion in Gaussians also decreases the amount of computation

. , , during recognition.
Figure 1: Word error vs. number of Gaussian distance com-

ponents computed

5 9
Number of Gaussian distance components computed per frame < 10°

Model Word (%) | Number of

Error Gaussians
‘ ‘ ‘ ‘ S 1997-eval 394 67,200
38 L 1 PTM-1788 39.7 69,732
Clustered-PTM 39.3 12,758

Table 2: Word error rates and number of Gaussians for differ-
ent models

4. Mixture Weight Reduction

One problem with our PTM modeling approach is that the
mixture weight distributions for each state can become very
large because of the large number of Gaussiangphene

class. However, since only a few Gaussians will be active

L I
0 2 4

Figure 2: Word error vs. recognition speed for each HMM state, we can more efficiently represent the
weights. We examined two recentpublished schemes to
3. Phone-level Gaussian Clustering reduce the number of mixture weights in our PTM models [3].

In the first, called the “Zeroing” scheme, we set all mixture

In the PTM approach, we must use a much larger numbeyéviights below a threshold to zero and renormalize the mixture
e

of Gaussians per state cluster than in previous state-cluster ights. In the second, called the “Averaging” scheme, we
syster?s. quﬁfr’ Szntf phone classes ImayfhavGe Very littig t each mixture weight below the threshold to a value equal
acoustic vanabliity and thus may need only a few Laussiang, ,q average of all mixture weights below the threshold.

for good modeling. For example, the nagal/ is less vari-
able than the unvoiced stgip/. Experimental results showed that the Zeroing scheme worked

for small thresholds, but rapidly deteriorated as the threshold

We exploited this fact by developing a per-phone GaUSSianas increased. However, the Averaging scheme maintained

clustering algorithm that automatically determines the NUM, 1ow word error rate even for large thresholds, resulting in a

- ; . S $4€tor of 16 reduction in the number of mixture weights with
variability. To measure a phone’s acoustic variability, we ag-, degradation in accuracy,

glomeratively cluster the HMM states for eaphone, using
a weighted-by-counts entropy distance between the mixture .

weight distributions of each state [2]. Clustering ispgted 5. Tied-transform HMMs

when the average distance reaches a pre-specified relatiVée developed a new modeling and training algorithm called
threshold. The number of resulting state clusters is a measutae tied-transform (3) HMM, which gives robust estimates

of a phone’s acoustic variability. In our study, the numberfor systems with a large number of Gaussians [4]. The basic
of Gaussians for a phone was proportional to the acoustiea is illustrated in Figure 3, which shows an HMM state-
variability, with a pre-set minimum and maximum number of cluster tree. Suppose our goal is to train an HMM for the
Gaussians. larger number of state clustefs. However, we do not have



enough data to robustly estimatach Gaussian in this large used. Only Gaussians with counts higher than the threshold
system. We solve this problem by training an HMM for the are used to compute transform statistics. We experimented
smaller number of state clustefg, for which we assume with a number of thresholds and found that a threshold of 0.1
that we have enough data to robustly estinesteh Gaussian. on the Gaussian counts reduced the time by 40% with no loss
The Gaussians in the state clusters of the larger HMM aref accuracy. Higher thresholds reduced the time further, but
transformed versions of the Gaussians in the ancestor statkegraded accuracy. These results are shown in Table 3.
clusters in the smaller HMM, where the transformations are

estimated as in maximum-likelihood adaptation [5, 6, 7, 8]. Threshold|| WER (%) | Adaptation
Speed(X RT)
0.0 29.18 1.6
0.1 29.16 1.0
0.5 29.30 0.9
1.0 29.58 0.75

Table 3: Results of Gaussian thresholding

A different scheme we investigated used smaller models to
compute the adaptation transforms and applied them on larger
models. Since the smaller models have fewer Gaussians,
adaptation time is decreased. In our experiments, we were
able to reduce the adaptation time by nearly 45% with practi-
cally no change in accuracy with some model combinations.
However, as these results were not consistent across all model
combinations, we did not use this scheme in our 1998 evalu-

Experimental results showed that th@ AIMM method gave ~ ation system.
significant improvement in word accuracy in our experimentsW

ith state-clustered HMMs 141, W did not e also developed a new method called “Basis transform
with state-clustere s [4]. However, we di 1 not use adaptation”, which has significant speed advantages over ML
this algorithm in our 1998 broadcast news evaluation syste

. Tansformation-based techniques like ML linear regression

because of a lack of time. (MLLR). The adaptation transform for the test speaker is a
. weighted combination of a set of basis transforms. The basis

6. Fast Adaptation transforms are trained using the training data; during testing,

To speed up our system, we developed various engineeringe only estimate the small number of combination weights.
solutions to decrease the computation cost for our maximum¥hus, this approach can give much faster adaptation. In our
likelihood (ML) transformation-based adaptation algorithms.approach, we estimated the combination weights by maximiz-

We also proposed a new adaptation algorithm called “Basiing the likelihood of the adaptation data.

Transform Adaptation”, which can be advantageously used ] )
when the amount of adaptation data is small. We compared the performance of basis transform adaptation

with MLLR adaptation using a state-clustered HMM model
Most ML transformation-based adaptation algorithms [5, 6,with 252 state clusters and 128 Gaussians per state cluster.
7, 8] involve three steps: (1) computing sufficient statisticsThe models were trained on a 71-speaker subset of the WSJ
for all Gaussians in the model, (2) estimation of transformmale training set. We estimated affine transforms of the Gaus-
statistics from the Gaussian statistics, and (3) estimation afian means for 46 training speakers and used them as basis
the transform from the transform statistics. We examined théransforms. We did supervised adaptation on 10 test speak-
computations involved in these three steps and observed thats using the 40 common adaptation sentences. The results,
the first two steps take most of the adaptation time. Hencdn Table 4, show that the basis transform method performs as
we investigated ways to reduce the computation for each ofvell as MLLR for small amounts of adaptation data; however,
these steps. as more data becomes available, MLLR performs better.

Figure 3: lllustration of F-HMM

Use of Viterbi alignments instead of the usual forward-We then experimented with unsupervised transcription-based
backward algorithm to compute the Gaussian statistics gaveadaptation done oaach sentence of the same test set. The
factor of 4 speed-up with no loss of accuracy. To reduce theesults, in Table 5, again show that the basis-transform ap-
time for estimation of transform statistics, we used a thresholgroach and MLLR give the same results. The advantage of
on the Gaussian counts to decide which Gaussians would libe basis-transform adaptation algorithm over MLLR is the



Model #adapt. sentences(#transforms) compact trigram expansion algorithm [10]. Comparative ex-

1(1) | 2(1) | 5(2) | 10(5) | 20(50) perimental results show that our compact trigram expansion
S| 228] 228 228 228 | 22.8 algorithm gives more than 50% smaller lattices than those
MLLR 2241 21.7] 210! 209 | 202 generated by the AT&T FSM tools [9]. In addition, our com-
Basis 2181219 218|212 | 21.3 pact trigram expansion is 10 times faster than the conventional
Transform trigram expansion with no accuracy degradation.

Table 4: Comparison of MLLR and Basis Transform adapta- 8. Confidence-based Language Modeling

tion (supervised adaptation) Error analysis on Switchboard data shows that the LM is
more likely to predict a word incorrectly when the previous

speed-up we expect because only a very few parameters apord is incorrect than if the previous word were correct [11].

estimated during testing. This intuitive fact can be exploited to develop better LMs. If
we knew a hypothesized word was incorrect, we would not
|| Model || WER(%) || compute.the probability for the next word conditioned on it.
S| 558 Instead, it would make more sense to back off to the unigram
MLLR 21'7 probability if we knew the previous word was wrong. Auto-
Basis 21.8 matically detecting which words are incorrect is challenging.
Transform ' One approach is to use acoustic confidence scores as evidence

to judge the correctness of a word. The proposed confidence-
based language model (CBLM) computes the word n-gram
‘probability as follows. For simplicity, we use a trigram LM
as an example:

Table 5: Comparison of MLLR and Basis Transform adapta
tion (unsupervised adaptation)

7. Lattice Algorithms P(ws | wawr) = P(Xp=1 X1= 1) Plws | wpwr)
In SRI's 1'998 multipass broad.cast news transcription system, + P(X2=1,X1=0)+ P(ws | wo)
word lattices are used as an intermediate representation. To P(X, =0 & P
achieve efficiency and accuracy, we want to have snitités + (X2 = 0) + P(ws)
with a Iowlatyce error rate. We tested two bigram lattice re'where,XZ», i = 1,2, are random variables indicating the
duction algorithms that we recently developed. These are the

: ) ; . correctness ofy;. Thus,

exact and approximate reduction algorithms [9], which gave
a 50% and 67% size reduction, respectively, over the original 1
bigram lattices. The approximate reduction algorithm also Xi = {
gave a 6% and 34% lower lattice error for FO and F1 condi-
tions. Compared with the standard finite state machine (FSM)
determinization and minimization algorithmsimplemented byWe can interpret the probabilities as confidence measures for
AT&T, our two algorithms produced lattices with 8% and 39% the correctness of the hypothesized words. To get an estimate
smaller sizes. These results are shown in Table 6. For thef the maximum improvement from this approach, we de-
1998 evaluations, we used the exact reduction algorithm. ~ signed a “cheating” experiment [12]. In this experiment, we
assume that the correctness of all the words in the n-best hy-
potheses is known, therefore giving perfect confidence scores.

if w; is correct
0 if w; isincorrect.

SIZE LER Based on this information, the trigram probability is used if
FO F1 FO F1 both previous words are correct; the bigram probabilityis used
Baseline 11624 | 16208] 3.3% | 10.0% if the nearest word in the history is correct; and otherwise, the
| FSM Det/Min | 6417 | 8715 | 3.3% | 10.0%| unigram probability is used. A similar experiment with bi-

grams was also conducted to observe the consistency of the
results. These LMs were used to attach LM scores to the en-
tries in the n-best list, and the hypothesis with the maximum
combined acoustic and LM score was selected. The bigram
Table 6: Sizes and lattice error rates of the reduction algo@nd trigram results are shown in Table 7. In both cases, more
rithms than 1% absolute improvement was obtained on the 1996 H4

development test data. The n-best error rate was about 18%.
Trigram LMs were incorporated by expanding the reduced bidt is possible that we would get even higher gains if we used
gram lattices to trigram lattices, using our recently developedattices to do this experiment.

Exact Red 6129 | 7797 | 3.3% | 10.0%
Approx Red 4318 | 4985 | 3.1% | 6.6%




only 13,000 Gaussians. We developed two systems—a hub

Model | conventional| confidence-based system for which processing time was not a constraint, and
bigram 36.8% 35.7% a spoke system, which ran in 10 times real time. The main
trigram 33.4% 32.3% difference between the hub and spoke systems was tighter

pruning and the elimination of one acoustic adaptation and

Table 7: Word error rates of confidence-based n-gram recognition stage for the spoke.

Table 8 gives the word error rates on the 1996 H4 PE develop-
This initial experiment shows a potentially moderate improve-ment test set using our 1997 evaluation system, the 1998 hub
ment, using CBLM. Future research is needed to apply regystem, and the 1998 10 times real-time spoke system. We
acoustic confidence measures on lattices to further verify theee that the 1997 and 1998 systems gave almost identical er-

idea. ror rates. However, our 1998 13,000-Gaussian PTM system is
clearly far simpler than our 67,000-Gaussian state-clustered

9. Confidence-based Optimization system of 1997. Table 9 gives the word error rates for the

In our 1997 H4 experiments, we observed that sentences with

smaller lattices usFl)JaIIy have lower word error rates, probably H System H Word Error (%) H

because smallertiices indicate lower confusability. We con- 1997 SRl eval 26.1

ducted a set of experiments on the 1996 H4 PE development 1998 SRI H4 Hub 26.7

data to see whether tuning LM weights based on lattice sizes 1998 SRI H4 28.8

would give us any gain. 10XRT Spoke

Two sets of experiments were designed, each dividing the Table 8: Word error on 1996 PE development test set
whole development test set into four subgroups. The first

experiment divides the test set based on normalized latticg,, 1998 H4 evaluation data test sets (S1 and S2) using our
sizes. The normalized lattice size was estimated by dividing, ;n and spoke systems. The 10 times real-time system gave

the number of transitions by the number of nodes in a 'atticerelatively minor degradation compared to the hub system.
The other experiment randomly divides the data into four sub-

groups. A 0.3% absolute improvement was derived using the
lattice size to determine separate LM weights. However, tun-
ing the LM weights to four randomly selected lattice groups

gave an improvement of 0.18%. The LMs tuned to the size-

System Word Error (%)
S1 [ s2
| 1998 SRIH4 Hub]| 22.1 [ 20.1 |

based partitions did not perform much better than those tuned 1998 SRIH4 || 23.4 | 222
to random partitions. This could imply that using multiple 10XRT Spoke

partitions has the effect of tuning the LM to the development Degradation

data, and that these results may not carry through to evaluation over Hub system|| 5.9% | 10.4%

data. We did not pursue this work further at this time.
Table 9: Word error on 1998 H4 evaluation test set
10. Broadcast News System and Experimental
Results . .

We will not give a detailed description of the system, but 11. Post-evaluation Experiments

refer the reader to the description available in NIST’s WebBased on our experimental results, we believe we have made
page [13]. Instead, we list the novel features and algorithmygery good progress toward our goal of developing significantly

used in our 1998 system along with the sections in this papéigster and smaller systems with no degradation in word error.

which describe them: However, because of a lack of time, we were unable to try

various existing techniques published in the literature, and to

1. Novel parameter tying (Section 2) tune our system to attain its lowest possible error rate. Also,
we used only the first 100 hours of training data to train our

2. Per-phone Gaussian clustering (Section 3) acoustic models, rather than the available 200 hours of data.

3. Adaptation speed-ups (Section 6) After the evaluation, we addressed some of these issues. In
particular, we

4. New lattice generation (Section 7)

) . . . 1. Trained our system on 200 hours of data
We used the new acoustic modeling techniques to configure

a per-phone Gaussian clustered PTM system with a total of 2. Tuned the number of parameters more carefully



3. Implemented a diagonalizing tied covariance transAcknowledgements

form [14]

We thank Andreas Stolcke for training the language models
4. Used BBN'’s 1998 evaluation segments [15] to evaluateve used. We also thank Long Nguyen of BBN and Ramesh

our own segmentation algorithm

Gopinath of IBM for providing their 1998 evaluation segments

for our post-evaluation analysis.

We evaluated our segmentation algorithm by running our
spoke system on the 1998 evaluation data using our own seg-
ments and those we got from BBN. We found that using
BBN'’s segments gave us 1.4% and 0.9% absolute improve-
ments in word error rate for the S1 and S2 evaluation test sets,
respectively, showing that there is room for improvement in
our segmentation algorithm.

We then configured a 30,000-Gaussian PTM system using 3
the same approach used for the evaluation system, but with
the additional post-evaluation improvements. We used this
system to run a 10 times real time spoke test on the evaluation4.
data. Table 10 gives the word error rates for the 10 times
real time spoke task for our evaluation system, and the post-
evaluation system. A significant improvement was achieved
using the post-evaluation system. We note that this system has
more Gaussians than the evaluation system, but the numberg
of Gaussians is still significantly smaller than other state-of-
the-art systems.

System Word Error (%) !
S1 ]| s2
1998 SRIH4 || 23.4 | 222
10XRT Spoke 8.
Post-eval
10XRT Spoke || 21.3 19.7
Improvement 9.
over eval system| 9.0% | 11.3%

Table 10: Comparison of evaluation and post-evaluation10-:
Spoke systems

11.
12. Summary and Conclusion

We developed many new techniques for the 1998 DARPA
H4 evaluations. Our main focus was to drastically decrease12.
recognition time and model size while not compromising the
accuracy. Toward this goal, we mageod progress, creating
asimple 13,000-Gaussian PTM system that performed as well:3-
as our more complex 1997 state-clustered system with 67,000
Gaussians. By using BBN'’s segments, and a larger 30,000-1
Gaussian PTM system trained on all the available training
data, a further improvement of about 10% was achieved. The, ¢
new technologies that were used include a hew parameter ty-
ing method, a per-phone Gaussian clustering algorithm, fast
adaptation algorithms, and new lattice reduction and repre-
sentation algorithms.
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